rmn*cuD ttoiD pm nsnDn 1 ? ^yo ^irn 
i±>2 am^ipN □■mu nmnxi 

npitty nraP Pw mw” 



















[1] rpto&ifcnt) tools pm nsnsjn 


noaucm yrrs 1 ? nD^na rwxirD nma • 


Reexperiencing, :nptn D’^ID’DD npIX&m □’aTODa’DD ’10’3 '’T’ 1 ? HXn • 

Avoidance, & Hyperarousal 


m 


’oaix-m yrra 1 ? nD’^n did nmon 1 ? rrm ps’on n^Krrmrx ’inn nizrwn 














[4,5,7,9] miPrax 


Diathesis-stress model of PTSD 

• Severity of trauma 

• Biological diathesis 

• Ecological diathesis 


rraaixm oois pm ny-isnP crm pip’o mi) inn pnpna • 

man nay ivrPp ri’opiD niyawa p’xsaaP px px • 

py visn ray 'rr>n nnii abi ms 73,7 Z2 pnaP nsw p’waao p’Priap cnappna yrm • 

.nxn xP Prianty p’tmn p^im 

















Machine Learning [4,5] 


mnx nun "px .tnsn nay ’irn nn 1 ? *3 ?b”/7 n/w • 


nfm w ,ruDna ,rraaiN-ia odid pm nyasn 1 ? antyn p’on ’ana fa n’spxiarxn • 
yino) a^si 77 (iid’d ’ana) »^%7 p Dana on’ w id *7y .•pann ’am p mma 

(rraaiN-ia ana pm nyaan 1 ? 




na’xna maa nra 1 ? nunn 














[4,5,9] tranp anpna 


n’aitff onpia-vs py ooanna n’taaixao bdid pm nansn amp SVMi iwanrcn D’aaip nnpna • 

PET i fMRI ,MRI mp’ioa inpPaw 

.rraaixata taoiD pm nyasriP pa’o arnP trapaa-ra Daw traanaa upanwn nxa awa cmpna • 
.rroaixata oois pm nyaDnP pa’o amp D’m'np*t avara Pe> nD’p» na’waa wan^nw npma ;w 

ryioxP Pp - naisa m’ap apnaa 1’taiPnP nraw ’mPi’uk PiPoa ?a ,, nPips D’aan spin sma • 

(a’na) naina 

anxP naaaiicita odid pm roasn annw n’p7aa arnP SVM iaw” (2014) UDiuoapi ,iPip ,aP-arPa • 
no ,3xa naa ,psn ,m pnP ,D ,, Da:naa D’aina an ,aapnaa asoxaw aannan .’taaixao yia’x Pe> naira 

nyaisn no ,snn’xn 

naama Daw a^smar naina Pv SVM iaw” (2015) aP-arPan pan ,paaax ,mpatatao ,tasitaoap • 
odid pm nyann mnw am a’P”n mrnp naa P» ’iai nPa^n nan ,PimaPx nans pnnstpa axa ,pa 

nnaaixnta 














mbba na’po opaasn niaaa 


iwnB'pn rwun myxaxa aaan nay moaixao ooid pm nyaanb pan arnb Vila nna • 

a^nbipti awiv 

trapnab nxvnym naxnn pnab na by SVM myyaxa mm b77a maj /7tsvn;7 abtra • 

tramp 

’Jim bibab naayan ba> mw nanan nawsxan npiay amam ruin nma bbia *atw7 abtr/7 • 
nxbn pi passive sensor data ,rrma naan nama a’]!© amoa mxa n’aa abp 

mpbn aiay arn bapb ’xiaa nay 1 ? awaxnw warnyab ana n’xp’bsx nruai ns”btrabtra • 
’"y ammn croa b® nanan nmyaxa mxp’baxn ,p iaa .amibipxn tain] by ooanna 

(labeled data) nrmn mxam nanp 














yizrN m^mn mn anpa ibw 


pm nraisn 1 ? araibipx rmn/pmo ’a-rab ram rra^io’osn nnaon bw nxa nspa rrrpo • 

.ibx araibipx crani bv nmpa na’on ’inn .rroaimo oois 

,rrrran no’an ,p ,b'i ,r\bam painpxiano mta :wya:ta attain a”A-ibipt< aw- m • 
nai ,ma”ty ncnnn ^imo^Ni nwo 2 vwv ,msu mb’ra ,naimon maprai -’boba 70on 

.naiiao bw rrnomm ,nation bw nymorarx ,naix-itf? ns’iyn 

PTSD diagnostic : Outcome measure n m’TO “101331l)>X mana mian pX® mm • 

(supervised learning) .status 

.pxn mm ’rmnna (labeled data) pa’x mxam pio’x • 


















[6] SYM 


?SVM n'vim nnpin ntf? • 

'iw r\m roaioa nrapa ins px • 
in’ naxnn nsrua ^nopcro-ix 

^pV? ma’ran 

- pnosoiB 1Q3 ’3FH m3 Kernels x^ 1 ? • 

nns'rt irnsn 1 ? rmirw nvyn 

nni’ p’rra px 

Large margin classifier 
Kernels (Gaussian) • 



















Single-layer neural network 


SVM - Large margin 
classifier [6] 


Support Vector Machine 

m 

mjnC^ [y^cosU(e T x^) + (1 

i=i 


n 




1=1 




lfy = l,wewant (9 T a; > 1 (notjust > 0) 
If y = 0, we want fx < -1 (not just < 0) 



If y = 1, we want h e {x) « \ B T x » 0 
If y = o, we want h 6 (x) « 0 (9 T x < 0 



Cost of example: —(y log ho(x) + (1 — y) log(l — h$(x))) 

1 1 

= ^ lp g i + e -^ ~ C 1 - y) ^sC 1 - 1 + e -^J 

If y = 1 (want ;» o}: If ?/ = 0(want 6 T x c 0): 



Z 


AndrewNg 
































SVM with Kernels (Gaussian) [6] 


X 


iw 


1 ( 2 ) 


z( 3) 


Given x : 

fi = similarity (x, 

|\x — | 2 


exp 


2<t 2 


X 


Predict y — 1 if #o + $1/1 + $2/2 + $3/3 > 0 

Given (x^ l \y^), (x^ 2 \ y ^),..., y^), 

choose /(!) = x (1) , / (2) = x (2) ,..., / (m) = x (m) . 
























op’nM n:n:>n nTO 1 ? 1 ? trarrTu'w 


• Waikato Environment for Knowledge Analysis (Weka) 

• 10 fold cross-validation 


• F-Measure=2* * 


Precision* Re call 
Precision+Recall 


tp 

• Precision=- 

tp+tn 


• Recall = l — 

tp+fn 
















Stratified cross-validation ~ 
Sunnnary *** 


Correctly Classified Instances 
Incorrectly Classified Instances 
Kappa statistic 
Mean absolute error 
Root mean squared error 
Relative absolute error 
Root relative squared error 
Total Number of Instances 


1158 

140 

0.7369 
0.1504 
0.2776 
37.9032 \ 
62.3302 % 
1298 


89.2142 \ 
10.7858 4 


Detailed Accuracy By Class = 


TP Rate 

F? Rate 

Precision 

Recall F-Measure 

ROC Area 

Class 

0.906 

0.144 

0.944 

0.906 

0.924 

0.944 

0 

0.856 

0.094 

0.773 

0.856 

0.812 

0.944 

1 

0.892 

0.13 

0.897 

0.892 

0.894 

0.944 



Weighted Avg 


op’noa SVM mxxw 


• F-Measure — 0.812 

iwariwnw D’mip nnpnan *7su x 1 ? 

SVM 3 


















































[6,8,12] np’risn npiay D’m’u ncn rriia 



: m » mx/irr nimsTft n ”22 wvivox 

Bias vs Variance Analysis • 

noom -.^pri mnw Jiwxb nwivox 


w-\ 2 ('"-V ) 2 

retraining 


Backpropagation Algorithm - Gradient Descent 

Shrinking Structure *717 HTfr • 


l 

min — 

9 m 


Es' 1 (-logM^^j + fi 
1=1 


- » c,) ) ((-bet 1 



















rrra 1 ? bw ontna onoais 
(n^ytn ’icra) 



(nonlinear, continuously differentiable, finite range, 
monotonic, and smooth with a monotonic 

derivative) 
























F-measure 


Tiym nmn jiqdw Toon 



0 12 3 4 

ni'innmDW 'on 




rmo niK^in 
nmupu’Dix rrm "|ri>n 
rratra 

Bias vs Variance [6,8] 


cranp onpna 1 ? naxnm • 
trr> naira'? 'I'linmisv »»*i 


margin -isoa na :mpoa • 
xsaity ^ansisn irmann 
?n ,, io , n rmoa 



noise.pdf 


Noise injection 


ns crania ns nnyy 1 ? ins na 
cram P’an 1 ? crrmn ona 
?cmt£> nanoa □ncm crai 
.npiau nra 1 ? bv inn’ 
















































=== Stratified cioas-velidation === 
=== Sinmary === 


Correctly Classified Instances 

1163 

89.5994 

1 

Incorrectly Classified instances 

135 

10.4006 

1 

Kappa statistic 

0.7495 



Kean absolute error 

0.1171 



Root sean squared error 

0.3032 



Relative atasluts error 

29.4974 1 



Root relative squared error 

60,0796 I 



Total Number of Instances 

1290 



“== I>atailed Accuracy By Class «» 




TF Rate FP Rate 

Precision Recall 

F-Wsasure 

ROC Area 

0.3 0,116 

0.954 0.9 

0.926 

0.939 

0.384 0.1 

0,769 0.884 

0.023 

0.939 

Weighted Avg. 0.S96 0.111 

0.904 0.896 

0.S9S 

0.939 


mssin o’Din 
rrncpa non 

• F-Measure = 0.823 

nnpnaa s^w pm 'tb • 

.□’anp 

'iw nms’n * 1 ? nasnnn :napo» • 
’iiVipsn ^iVosn PTSD 

J j 1 

0 D’^on 3 w’ ,’mya^a 

i nra 1 ? “7W anpna .D’tnVpos 

^oan pm is onpana ruma 
ins ’Va’asis pins .’mYrnn 
’iiVrnn ^-froan ns 

.tnVipsm 





















Client-UKT 
Input: ample 
Output: 
prediction 


Client-admin 
Input . tram data 













Stfw 

Tmn&Pmktioo 

logic 



M 

OiUUonng 


nnaia aursi mrpa 
a^ass 

,TXp'7DX 

mp^-mw 

•jran rnrrn nx ran 1 ? :mo» 
ET’nVipN cran;a una’EGty 
rrfrpa ryios 1 ? imu? 

tramra 1 ? nrm rryp^DN ir^n 
’kidi mis'? mwDKan 
D’piaj nay ’irn 

^•on 1 ? nf?p3 n’nrun cca limy 
mDDi] yia’x rnxmn 

nra 1 ? 'iw cnaaiD Tirry 
rn^pa rratra nnopo’D-ixi 
a’tyin a^iro ns 1 ? 





















mpSmw 



Serialize Weto 
mode! file to the 
datastore 



Train model 




















Use Case 








































nmia rrmn 

Java nm 


■ppn ’lrn - nm nznjiKn 
































































































nmia rrmn 

Java 


■ppn liDis? - nm riaux’T • 


























































































I TralnPata | \ Params | | QiassitierSnUty | 



n'mv nnna nmn 

Java DDW 


I’pn iift’x - nsmxH 

















































nray myao 

rrsp^SKi 

android studio IDE utilizing android SDK nms? nmon Java DD^n larDl mttf 721 nip 1 ? 72 • 

google app engine 1.9 SDK nitfS&Nn W&1& mtP 72 • 
google data store n p7S?n&l m&ttf Attribute-Relation File ttttniDn nmnin CPCQ • 
google data store 2 ysma nanaw npi^y rraiTia ntzn *771& TD7571 rrrw • 

:*nrn 

https://drive.google.com/open?id=OB 6tCfqjwVlhUzBYdOtiM21nOGs 

:a^ina o^oa td 7B non* 

https://drive.google.com/open?id=OB 6tCfqjwVlhdWN3X2ozbG8xbWc 











*n rn 

limy rryp ,l ?Dxi 


• http:/ /medical- 

pfedictions.appspot.com/ 
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